In this paper we propose an end-to-end trainable deep neural network model for egocentric activity recognition. Our model is built on the observation that egocentric activities are highly characterized by the objects and their locations in the video. Based on this, we develop a spatial attention mechanism that enables the network to attend to regions containing objects that are correlated with the activity under consideration. We learn highly specialized attention maps for each frame using class-specific activations from a CNN pre-trained for generic image recognition, and use them for spatio-temporal encoding of the video with a convolutional LSTM. Our model is trained in a weakly supervised setting using raw video-level activity-class labels. Nonetheless, on standard egocentric activity benchmarks our model surpasses by up to +6% points recognition accuracy the currently best performing method that leverages hand segmentation and object location strong supervision for training. We visually analyze attention maps generated by the network, revealing that the network successfully identifies the relevant objects present in the video frames which may explain the strong recognition performance. We also discuss an extensive ablation analysis regarding the design choices.
Introduction
Automated analysis of videos for content understanding is one of the most challenging and well researched areas in computer vision and multimedia and possesses a vast array of applications ranging from surveillance, behavior understanding, video indexing and retrieval, human-machine interaction, etc. The majority of researchers working on video understanding problem concentrates on action recognition from distant or third person views while egocentric activity analysis has been investigated more recently. One of the major challenges in egocentric video analysis is the presence of ego-motion due to the frequent body movement of the camera wearer. This ego-motion may or may not be representative of the action performed by the observer and as a result, existing techniques proposed for general action recognition become less suitable for egocentric video analysis. Another reason hampering the development of this area is the lack of large scale datasets to enable the training of deep neural networks. However, with the ubiquitous availability and popularity of first-person Accepted to BMVC 2018 cameras in recent times, providing more attention to this research area is of paramount importance.
In this work, we take on the problem of fine-grained recognition of egocentric activities, which is more challenging than egocentric action recognition. Action recognition involves identifying a generalized motion pattern of hands such as take, put, stir, pour, etc. whereas activity recognition concerns more fine-grained composite patterns such as take bread, take water, put sugar in coffee, put bread in plate, etc. For developing a system capable of recognizing activities, it is pertinent to identify both the hand motion patterns as well as the objects on to which a manipulation is being applied to. Majority of state-of-the-art techniques use hand segmentation [11] [10] [19] , gaze location [10] or object bounding boxes [11] for identifying the location of the relevant objects in the scene that can assist in identifying the activity. These approaches require complex pre-processing which includes human intervention for generating hand masks or gaze locations of the video frames. Even though there exist wearable devices which can estimate the gaze direction to dispose of the excessive cost of manual annotation, these may cause discomfort to the user or result in inaccuracies during distraction or short interruption of the activity or if the user is wearing glasses.
Considering the aforementioned problems that prevent from leveraging massive collections of natural activity videos, it is essential to develop techniques capable of identifying the relevant objects without being trained with full supervision. Towards this end, we present a CNN-RNN architecture that is trained in a weak supervision setting to predict the raw video-level activity-class label associated with the clip. Our CNN backbone is pretrained for generic image recognition and augmented on top with an attention mechanism that uses class activation maps for spatially selective feature extraction. The memory tensor of a convolutional LSTM then tracks the discriminative frame-based features distilled from the video for activity classification. Our design choices are grounded to fine grained activity recognition because: (i) Frame-based activation maps are not bound to reflect image recognition classes, they develop their own representation classes implicitly while training the video-level classification; (ii) Convolutional LSTM maintains the spatial structure of the input sequence all the way up to the final video descriptor used by the activity classification layer, thus facilitating the spatio-temporal encoding of objects and their locations into the descriptor as they develop into the activity over time. Our contributions can be summarized as follows:
• We develop an end-to-end trainable deep neural network for egocentric activity recognition which elicits spatial attention on relevant objects present in the scene for highly specialized spatio-temporal encoding;
• We provide insights into the inner workings of our method by visualizing the attention maps that are generated at the CNN-RNN interface of our architecture, they are highly specialized and developed during training without hand segmentation and object location strong supervision and label semantics;
• We perform experimental validation on four benchmark datasets with up to 106 activity classes. We also perform an extensive ablation study. We release an implementation in pytorch at github.com/swathikirans/ego-rnn.
Related works
The majority of the methods developed for addressing egocentric activity recognition problem make use of semantic cues such as objects being handled, gaze direction, hand pose, ego-motion, etc. Fathi et al. [5] developed a hierarchical model based on object-hand configurations that makes use of information about object class, pose, hand optical flow, hand pose, etc. for egocentric activity recognition. In this, the model predicts actions based on the hand-object interactions which in turn is used to predict the activity. Fathi and Rehg [4] proposes to consider activity as a change of state of the objects and the materials present in the scene. A spatio-temporal pyramid approach in which the bin boundaries are sampled near the objects being handled by the user is proposed by McCandless and Grauman in [14] . Matsuo et al. [13] proposes a method to generate an attention map of the scene based on visual saliency and ego-motion information. The attention map is then used to classify the detected objects into salient and non-salient objects followed by a temporal pyramidal approach based feature extraction for activity recognition. Li et al. [10] proposes to encode egocentric cues along with dense trajectory features for activity recognition. [19] adds an additional input stream, called ego-stream, to the two-stream network that takes in a stacked input of hand mask, saliency map and head motion for egocentric action recognition. A two-stream network consisting of an appearance stream trained for hand segmentation and object localization and a temporal stream for action recognition is proposed by Ma et al. [11] . The two individual networks are then jointly trained for recognizing finegrained activities. Tang et al. [22] proposes to add an additional stream for encoding depth maps for improving activity recognition performance. Ryoo et al. [16] proposes to use a convolutional neural network (CNN) for extracting frame level features which are then applied to a set of temporal filters that perform multiple pooling operations such as max pooling, sum pooling, histogram of gradients pooling, for generating effective feature descriptors.
Existing methods use a single RGB frame for extracting appearance information and neglect how the spatio-temporal changes evolve as the activity progresses. Xingjian et al. [17] proposes a variant of recurrent neural network called convolutional long short-term memory (convLSTM), which is a variant of long short-term memory (LSTM) [7] with convolutional gates instead of fully-connected gates, for predicting precipitation nowcasting from radar image sequences. The presence of convolutional gates allow the propagation of a memory tensor that enables the preservation of spatial structure of the input tensor. Deep networks that use convLSTM for encoding spatio-temporal changes have been proposed for addressing problems such as violence detection [21] , anomaly detection [15] and interaction recognition [20] . In the proposed method, we choose to use convLSTM for encoding the spatio-temporal features present in the input video. As has been discovered by previous approaches, identifying the objects being handled by the user is useful in improving the performance of an activity recognition system. In the proposed approach, we use the idea of class activation map (CAM) proposed by Zhou et al. [25] for identifying the location of the object, that can be used for discriminating one action from another, in the scene. We build on CAM as a spatial attention mechanism for weighting the features before encoding them. 
Proposed method
This section explains the proposed method for egocentric activity recognition, consisting of deep feature encoding with spatial attention. We will also briefly discuss class activation maps (CAMs), upon which the proposed activity recognition system is developed.
Class activation maps
Zhou et al. [25] proposes to take advantage of the average pooling layer present in modern deep CNN networks such as ResNet [6] , squeezeNet [9] , denseNet [8] for generating class specific saliency maps. Let f l (i) be the activation of a unit l in the final convolutional layer at spatial location i and w c l be the weight corresponding to class c for unit l. Then the CAM for class c, M c (i), can be represented as
Using the CAM, M c , thus generated, we can identify the image regions that have been used by the CNN for identifying the class under consideration, which is class c. If we use the winning class, i.e., the class category with the highest probability, then the CAM generated gives us a saliency map of the image. Since egocentric activities are representative of the objects being handled by the observer, we can use CAMs for making the network to focus on the regions consisting of the objects. Figure 1 shows some examples of CAMs generated using ResNet-34 on some of the frames from GTEA 61 dataset. The CAM generated is of the same spatial dimension as the features obtained from the final layer of the network (7 × 7 for ResNet-34). The CAM obtained is then resized to the input image dimensions for visualization purpose. From the figures 1a, 1b, 1c, 1d, we can see that the network, which is pre-trained on imagenet dataset, is capable of identifying the discriminant regions in the image which can be used for recognizing the activity class. However, in Figure 1e , 1f, 1g, 1h, the regions obtained from the winning class of the CNN cannot be considered as a representative of the activity. In section 3.1, we will explain how we integrate and specialize CAM as spatial attention to identify the appropriate regions that can discriminate the activity under consideration from others. 
Spatial attention using class activation maps
The block diagram of the proposed idea for encoding the RGB frames is shown in Figure 2 . In this, we use a ResNet-34 network pre-trained on imagenet as the backbone architecture. For each RGB input frame, we will first compute the CAM using the winning class as given by equation 1. The CAM thus obtained is then converted to a probability map by applying the softmax operation along the spatial dimensions. This spatial attention map is then multiplied with the output of the final convolutional layer of ResNet-34, that is:
where, f (i) represents the output feature from the final convolutional layer of ResNet-34 at a spatial location i, M c (i) is the CAM obtained using the winning class c, f SA (i) is the image feature after spatial attention is applied and ⊙ represents the Hadamard product. Once we get image features with spatial attention ( f SA ), the next step is to perform temporal encoding of frame level features. We use a convolutional long short-term memory (ConvLSTM) module for performing this operation, which has been shown to be successful in spatio-temporal encoding of features [15] [21] [20] . The convLSTM works similar to that of the traditional LSTM with the exceptions of having 3D tensors as input and hidden state instead of vectors, and the presence of convolutional layers in the gates instead of fullyconnected layers. By using convLSTM for temporal encoding, it becomes possible to encode the changes in both temporal and spatial dimensions simultaneously. This is important since the network needs to track changes in both these dimensions if it is to learn how an activity evolves. The working of the convLSTM module is represented by the following equations:
where
The trainable weights and biases of the convLSTM are represented using w and b. The spatial stream network works in the following way. During each time step, an input RGB frame will be applied to the network. The spatial attention will be computed and then image features with spatial attention is applied to the convLSTM module for temporal encoding. Once all the input frames are applied to the network, the memory of the convLSTM module, c t is selected as the feature describing the entire video frames. Spatial average pooling operation is then applied on this c t to obtain the video feature descriptor which is then fed to the classifier layer consisting of a fully-connected layer for generating the class-category scores. We follow a two-stage training strategy in which only the classifier and the convLSTM layers are trained in the first stage followed by a second stage, where the convolutional layers of the final layer and the fully-connected (FC) layer of the ResNet-34 network are also trained in addition to the convLSTM and classifier layers. This is represented using the colored blocks in Figure 2 . By training the convolutional layers and FC layer of the ResNet-34 network, the network's capability of localizing the relevant features for discriminating the activity will be greatly improved.
Experimental Results
The proposed egocentric activity recognition method is evaluated on four datasets, namely, GTEA 61, GTEA 71, GTEA Gaze+ and EGTEA Gaze+ datasets. We follow the same evaluation settings used by previous approaches. For GTEA 61 dataset, we report the results obtained on the fixed split (subject S2 for evaluation) as well as leave-one-subject-out crossvalidation setting. For GTEA 71 and GTEA Gaze+ datasets, the leave-one-subject-out crossvalidation results are reported. In the case of EGTEA Gaze+ dataset, we report the results on each of the three provided train-test splits as well as the average across the three splits.
Implementation details
As mentioned previously, ResNet-34 pre-trained on imagenet dataset is used as the base architecture for extracting frame level features and generating the object specific spatial attention map. We use a convLSTM module with 512 hidden units for temporal encoding. The network is trained in two stages as explained in section 3.1. In the first stage, the network is trained for 200 epochs with an initial learning rate of 10 −3 and the learning rate is decayed by a factor of 0.1 after 25, 75 and 150 epochs. We also apply dropout at a rate of 0.7 at the fully-connected classifier layer. In the second stage, we train the network for 150 epochs with a learning rate of 10 −4 and is decayed after 25 and 75 epochs by a factor of 0.1. We use ADAM optimization algorithm with a batch size of 32 during training. We select 25 frames from each video, uniformly sampled in time, as the inputs to the network.
As is commonly done with deep learning based action recognition techniques [18] [23] [11] [19] [22] [1]
, we also use a temporal network that uses stacked optical flow images as input, in order to better encode the motion changes occuring in the input video. For this, we train a ResNet-34 pre-trained on imagenet. We follow the cross-modality initialization approach proposed by Wang et al. in [23] for initializing the input layer. In this approach, the weights of the first convolutional layer is initialized by computing the mean of the RGB pre-trained network's weights and replicating them by the number of channels of the target temporal network. The temporal network is trained for 750 epochs with a batch size of 32 using stochastic gradient descent algorithm with a momentum of 0.9. The learning rate is fixed as 10 −2 initially and is reduced by a factor of 0.5 after 150, 300 and 500 epochs. We use five stacked optical flow images as the input to the network and during evaluation, we average the scores of 5 such stacks, uniformly sampled in time, to obtain the final classification scores. We use TV-L1 algorithm [24] for optical flow computation. Once the spatial and temporal networks are trained, we follow two approaches for the fusion of these two. In the first approach, as proposed in [18] , we simply average the scores obtained from each of the two networks to obtain the final classification score. In the second approach, we concatenate the outputs of the two networks and add a new fully-connected layer on top to get the class-category scores. We then fine-tune all the layers down to Layer4 of both networks for 250 epochs with a learning rate of 10 −2 , which is reduced by a factor of 0.1 after each epoch. SGD algorithm is used as the optimization algorithm.
Since the amount of training samples are limited and to avoid overfitting, we use corner cropping, scale jittering and random horizontal flipping approaches as proposed in [23] during training stages. During evaluation, the center crop of the frames are used to get the classification scores.
Ablation studies
We first evaluated the performance of various configurations using the fixed split of GTEA 61 dataset. The results obtained are listed in Table 1 . We first compare the performance of fully-connected LSTM with convLSTM. For the LSTM model, we follow the LRCN approach proposed by Donahue et al. [3] in which the output of the final convolutional layer of ResNet-34 is reshaped to obtain a feature descriptor describing the video frame. Feature descriptors thus generated from the frames of a video are then encoded using an LSTM with 512 hidden units. With the convLSTM module, as explained in section 3.1, we are able to keep the spatial dimensions and a memory tensor is propagated across time which enables in capturing the evolution of spatio-temporal changes with time. The advantages of using convLSTM can also be validated by comparing the recognition performance obtained with the respective models. We also plot the t-SNE embedding [12] of the features extracted from the output of both convLSTM and LRCN models in Figure 3a and 3b. In Figure 3a , the features are more spread out and those from the videos belonging to the same class are clustered together. From these observations, we decide to use convLSTM as the temporal encoding module. Next, we analyzed the performance gain obtained by adding the proposed spatial attention mechanism and an improvement of 12% is observed by making the network attend to the relevant regions in the video frames. Camera motion is found to be one of the problems degrading the performance of action recognition systems. In order to combat its effects, action recognition [23] and egocentric action recognition methods [10] propose to use stacked warp optical flow images in the temporal stream network. Warp optical flow is obtained by subtracting the camera motion from the optical flow. This is further validated by our experiments where an improvement of 4% is gained by compensating the camera motion in the optical flow images and as a result we choose to apply stacked warp optical flow images in the temporal stream of the network.
As explained in section 4.1, we perform two different approaches for the fusion of spatial and temporal stream network outputs. In Table 1 , two-stream (average) denotes the fusion approach where the class scores obtained from each of the two streams are averaged and two-stream (joint train) shows the result obtained by adding a new fully-connected layer on top of the two individual networks followed by finetuning up to Layer 4. By following the joint training approach, a 10 % performance boost is gained. This can be explained with Figure 3c which plots the t-SNE embedding of the features obtained from the individual stream networks for videos from GTEA 61 dataset. From the Figure, it can be seen that the spatial stream and temporal stream features occupy in different regions of the feature space which indicates that they possess some complementary information that can assist in identifying one activity class from another. This resulted in the improved performance in the case of joint training since the network is allowed to learn to combine these complementary features in a way that each activity class becomes more discernible from one another. Table 2 and 3 compares the proposed method with state-of-the-art techniques. The first block in Table 2 shows methods specifically proposed for egocentric activity recognition, the sec- ond block shows methods proposed for third person action recognition. Regarding Table 3 , EGTEA Gaze+ is a recently developed large scale egocentric video dataset comprising of 10325 activity instances from 106 classes. As the dataset is relatively new and no standard benchmarks are available, we compare recognition performance with state-of-the-art deep learning techniques for third person action recognition. Since this dataset could emerge as a future benchmark in egocentric activity recognition, we list the recognition accuracy obtained for each of the provided test-train splits as well in Table 3 for serving as a baseline in future research. All the compared methods in Table 2 and 3 use RGB images as well as optical flow images in order to classify the videos into the corresponding class categories. The method proposed by Li et al. [10] uses hand segmentation for the first two datasets along with gaze information in the case of Gaze+ dataset for detecting the location of the objects being handled, while Ma et al. [11] trains a network for hand segmentation and object localization for obtaining explicit information about the objects and their location. In the proposed method, we make use of the prior knowledge inflated in the network to identify the location of the object that is relevant in identifying the activity class. From both Table 2 and 3, we can see that the proposed method achieves a notable performance boost, except in the case of Gaze+ dataset, which anyway validates its efficacy in performing egocentric activity recognition. For Gaze+ dataset, the proposed method is resulting in lower performance than the methods proposed in [11] and [10] . This may be attributed to the nature of the dataset. In Gaze+ dataset, objects "spoon", "fork" and "knife" are combined to an aggregated object "spoonForkKnife" and objects "cup", "plate" and "bowl" are combined as "cupPlateBowl". Their corresponding activities are clubbed together as a single activity class. For example, activities such as "take knife", "take fork" and "take spoon" are combined to form a single activity class titled "take spoonForkKnife". In the proposed method, the network is trained to identify the relevant object's location from the activity label alone, and combining different objects to form a new meta-object class weakens the correlation between activity class label and the visual information present in the frame. It therefore hampers finetuning of activation mapping during learning. In the supplementary material we provide confusion matrices for the worst-performing splits, to confirm that the proposed method struggles to classify the activities involving meta-object labels. In the case of methods proposed by Ma et al. [11] and Li et al. [10] , the network is trained using explicit supervision in the form of object instance location, thereby resulting in improved performance compared to the proposed method. It should also be noted that a significant improvement is observed when comparing the proposed method with Two-Stream [18] on EGTEA Gaze+ dataset which subsumes Gaze+ dataset. In EGTEA Gaze+ dataset the above mentioned objects are not combined together to form a single class and the network more easily succeeds in identifying the regions in the video frames related to the activity. In Figure 1 , we saw that a generic image recognition prior inflated in the network need not be representative of the activity class all the time. In order to compensate this problem, we train the fully-connected layer together with the convolutional layers of the final layer of ResNet (orange blocks in Figure 2 ) in stage 2. Figure 4 shows the spatial attention map obtained after this second stage of training. From the Figure, we can see that the network learns to correctly identify the object in the images that is representative of the activity class under consideration. More examples are provided in the supplementary material.
Comparison with state-of-the-art techniques
Another point worth mentioning is that the state-of-the-art-techniques for action recognition from third person videos, listed in Table 2 and 3, are performing sub-par compared to the methods proposed for egocentric videos. This shows that these methods cannot be considered as standardized techniques for action recognition from videos in general and underlines the importance of developing methods tailored for egocentric videos.
Conclusion
In this work, we have successfully developed a novel deep learning approach for egocentric activity recognition. We validate the performance of the proposed method on four standard egocentric activity datasets and the proposed method achieved state-of-the-art recognition performance. The proposed approach takes advantage of the prior information encoded in a convolutional neural network pre-trained for image classification to generate object specific spatial attention. The spatially attended image features are then temporally encoded using a convolutional long short-term memory module. Detailed analysis show that the proposed spatial attention mechanism is able to correctly locate the objects that are representative of the activity class under consideration. We have also performed a detailed ablation analysis on the various network configurations. As a future work, we will explore the possibility of adding a temporal attention mechanism since not all frames present in a video are equally representative of the concerned activity. We will further evaluate our method on the recently introduced EPIC-Kitchens dataset [2] and on video recognition problems from third-person views. 7 Confusion matrix of GTEA Gaze+ dataset
As discussed in section 4.3 of the paper, we show the confusion matrices obtained when P1 and P3 are used as the test split of the GTEA Gaze+ dataset. These two splits resulted in the least recognition accuracy out of all the splits. P1 gave an accuracy of 50.2% while P3 resulted in 48.84%. We can see that the accuracy of classes containing the meta-object labels ('spoonForkKnife' and 'cupPlateBowl') is low compared to the other classes. This verifies our hypothesis explained in section 4.3 regarding the reason for the lower performance of the proposed method on GTEA Gaze+ dataset compared to the methods that use strong supervision for training.
